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Summary
Objective. To develop and validate a deep learning model trained on reticulin-stained 
whole slide images (MesoRet) to accurately identify transitional features and assist in the 
histologic subtyping of diffuse mesothelioma.
Methods. A total of 115 cases of diffuse mesothelioma were collected from two institutions 
and reviewed by expert thoracic pathologists. Reticulin-stained whole-slide images were 
used to train a supervised deep learning model on the Aiforia Create platform to distin-
guish epithelioid, sarcomatoid, and transitional patterns. Model performance was validated 
on independent slides and compared with expert pathologists’ assessments.
Results. MesoRet accurately identified reticulin patterns across mesothelioma histotypes 
achieving 96.32% precision and 99.06% sensitivity, excluding artifacts and non-tumour 
tissue. It outperformed pathologists in identifying transitional patterns, reducing diagnostic 
time and minimising errors.
Conclusions. MesoRet provides an accurate and objective approach for detecting reticu-
lin patterns in mesothelioma, supporting histological subtyping and contributing to more 
consistent diagnoses. Although further validation is required, it represents a promising 
model to improve diagnostic precision and guide therapeutic decision-making.

Key words: diffuse mesothelioma, transitional mesothelioma, reticulin stain, deep 
learning, computational pathology.

Introduction 

Epithelioid, sarcomatoid and biphasic are the three major histologic 
types of diffuse mesothelioma, which have historically been the main 
histologic indicators of prognosis 1,2. Accordingly, sarcomatoid and bi-
phasic tumours are significantly associated with worse overall surviv-
al compared with patients with epithelioid tumours 3. Furthermore, with 
recent advances in clinical trials involving immunotherapy, especially 
with the introduction of immune checkpoint inhibitors for treating meso-
thelioma, accurately identifying histological subtypes has become even 
more crucial because of the better response to immune checkpoint in-
hibitors in sarcomatoid and biphasic types compared to epithelioid 4. 
The 2021 (5th edition) WHO Classification of Thoracic Tumours formal-
ly incorporates architectural patterns, cytologic features, and stromal 
features, whose prognostic significance has been validated in multiple 
studies 2,5. Among them, transitional features of neoplastic cells have 
been recognised as part of a novel morphologic subtype 6. The hallmark 
of transitional mesotheliomas are elongated tumour cells with a plump 
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cytoplasm and a cohesive growth pattern appearing 
intermediate between epithelioid and sarcomatoid 
morphology. Diffuse mesotheliomas with transitional 
features are now classified within the sarcomatoid his-
totype, based on the poor prognosis associated with 
this histological pattern 6-9. As a consequence, the 
presence of transitional features in an otherwise ep-
ithelioid looking tumour can render it a biphasic mes-
othelioma regardless of the component percentage 
on the pleural biopsy specimen. Due to the relative 
risk of morphologic overlap between transitional and 
epithelioid mesotheliomas, accurately distinguishing 
the diverse subtypes and thus classifying the correct 
histotype, can become a difficult task, resulting in a 
high interobserver variability, even among expert tho-
racic pathologists 6,10. Such a challenge is magnified 
by the lack of a unique distinguishing immunohisto-
chemical feature and/or molecular signature for the 
transitional subtype, whose diagnosis relies solely 
on haematoxylin and eosin (H&E) stained slides. In 
this scenario, reticulin stain has been suggested 6 and 
recently confirmed 11 as a valid diagnostic support, 
although not systematically standardized, yet. Transi-
tional mesotheliomas are featured by a delicate retic-
ulin framework, where reticulin finely surrounds indi-
vidual cells or very small nests of cells. Such a unique 
pattern differs both from sarcomatoid mesothelioma, 
where the reticulin framework is thick and abundant, 
strongly banding individual cells, and epithelioid mes-
otheliomas, where the reticulin framework is sparse 
and irregular, surrounding large cluster of cells and 
frequently barely noticeable 11,12.
Digital pathology and computational pathology have 
been progressively transforming pathologists’ prac-
tice with the goal of improving diagnostic precision, 
accelerate patient care and ultimately offer individual 
patient-tailored treatments. In this regard, mesothelio-
ma is no exception 13,14. A few deep learning models 
have been developed on whole slide images (WSI) 
from H&E-stained slides, including, the MesoNet 7 for 
survival prediction, the SpindleMesoNET 15 to sepa-
rate sarcomatoid mesothelioma from benign spindle 
cell mesothelial proliferations and recently the Meso-
graph 16 to distinguish sarcomatoid and epithelioid his-
totypes.
Given the promising reports of reticulin stain applica-
tion in identifying transitional features, in this paper, 
we develop an artificial intelligence (AI) deep learn-
ing model (DLM) which recognises histochemically 
stained reticulin fibres to assist histological subtyping 
of diffuse mesothelioma.

Materials and methods

Case selection

A retrospective case series of 130 biphasic mesotheli-
omas was collected from a large series of 965 patients 
with a histological diagnosis of pleural mesothelioma 
from 1993 to 2022 at the Pathology Unit of the Città 
della Salute e della Scienza of Turin (Turin, Italy). 
Paraffin blocks with sufficient material (82/130 cases) 
were selected for the purpose of subsequent revision 
by three expert thoracic pathologists. After reviewing 
H&E-stained slides and the immunohistochemical 
panel performed at the time of diagnosis, this was ei-
ther confirmed or reclassified into a different mesothe-
lioma histotype: sarcomatoid (or transitional) and ep-
ithelioid, according to the current WHO classification 
(2021)2. At the same time, 33 cases (30 epithelioid 
and 3 sarcomatoid mesotheliomas) were collected 
consecutively at the Pathology Unit of the San Luigi 
Gonzaga Hospital (Orbassano, Italy), reviewed by an 
expert thoracic pathologist. These cases were select-
ed for the purpose of adding more variability in terms 
of reticulin staining to train the DLM. The two series 
together yielded a total of 115 cases of diffuse mes-
othelioma.
Clinico-pathological parameters including age at di-
agnosis, sex, type of sample and tumour site were 
included in an anonymised database. 
Before the study started, all cases were de-identified 
and coded by a pathology staff member not involved 
in the study, and all data were accessed anonymously.

Reticulin Stain

Reticulin stain was performed in all cases. Reticu-
lum II Staining Kit (Roche, Ventana Medical Systems, 
Tucson, AZ, USA) was used to detect reticulin fibres 
on a BenchMark Special Stains platform (Ventana 
Medical Systems, Tucson, AZ, USA), according to the 
manufacturer’s protocol at the Pathology Unit of the 
Città della Salute e della Scienza of Turin. Silver im-
pregnation staining kit paired with Tiziano automatic 
stainer (Diapath S.p.A., Bergamo, Italy) was used at 
the Pathology Unit of the San Luigi Gonzaga Hospital 
(Orbassano, Italy).

Imaging and Software

From this cohort, 70 cases with technically adequate 
reticulin-stained slides (38 biphasic, 3 sarcomatoid, 
and 29 epithelioid) were selected for WSI and model 
development and scanned using a NanoZoomer S210 
(Hamamatsu, Shizuoka, Japan) digital slide scanner 
at ×20 magnification, with a resolution of 0.46 μm/pix-
el.
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The automatic scanner initialisation and the visual in-
spection after scanning (i.e., verifying focus and ab-
sence of artefacts) ensured WSI quality. WSIs (.ndpi 
extension) were uploaded into Aiforia Create (version 
6.4), an image management and analysis cloud plat-
form (Aiforia Technologies, Helsinki, Finland), which 
supports the development of machine learning mod-
els with deep convolutional neural networks.

Model Development

Reticulin framework was recognized from reticu-
lin-stained WSIs with the DLM generated in Aiforia 
Create. The model was trained to detect epithelioid, 
sarcomatoid and transitional reticulin framework pat-
terns.  The algorithm excluded background, tissue ar-
tefacts, fibrotic acellular areas, blood vessels, adipose 
tissue, lymphocytic aggregates and other features that 
do not belong to neoplastic areas (Supplementary 
Table S1). WSIs were partitioned at the patient lev-
el into non-overlapping datasets. A total of 70 WSIs 
were used for model development, including 20 WSIs 
for training and 30 WSIs for testing during model opti-
mization. An additional 20 WSIs were reserved as an 
independent validation set and were not used during 
training or testing. One board-certified pathologist vis-
ually selected the representative areas of the three 
reticulin framework morphologic patterns and drew 
training areas and feature labels with the pen tool in 
Aiforia. The annotated training areas were selected to 
represent typical features of epithelioid, sarcomatoid 
and transitional reticulin framework patterns. Transi-
tional features were annotated in 8 WSIs. Annotations 
were drawn with versatile magnification views and a 
wide variation in shape, size and staining intensity to 
offer a broad repertoire of examples for training.
The tissue was considered to contain epithelioid re-
ticulin framework if the deposition of collagen matrix 
was absent among tumour cells, sarcomatoid reti-
culin framework if there was abundant deposition of 
extracellular collagen matrix resulting in significantly 
thickened reticulum surrounding single elongated tu-
mour cells, and transitional if there was an intermedi-
ate pattern between epithelioid and sarcomatoid, with 
an increase in the reticulum surrounding small nests 
and sometimes individual cells. The pleomorphic 
mesothelioma subtype was assigned to epithelioid or 
sarcomatoid histotypes, depending on the absence of 
presence of reticulin between cells, respectively 13,14. 
During training, unclear regions were compared with 
H&E slides from the same tumour sample to confirm 
the presence of tumour fields. Annotation areas varied 
in size between 0.006 and 0.38 mm2, and altogether, 
30.413 mm2 areas were annotated (Supplementary 
Table S1). Training areas were drawn to include no 

more than one type of reticulin framework and con-
sequently labeled only to one class. The DLM was 
trained iteratively using these annotations as ground 
truth. Model performance was visually evaluated, pa-
rameters were optimised, annotations were refined, 
and new annotations were generated across suc-
cessive model versions. Overfitting was mitigated by 
incorporating cases from two independent Pathology 
Units, thereby increasing variability in reticulin stain-
ing, by applying data augmentation strategies, and by 
using separate training and testing datasets during 
model development. The final model was trained for 
2839 iterations (Supplementary Table S2).

Model Testing and Validation

The developed model was tested on an independent 
testing set (n = 30), which was not used during training.
Final model performance was validated on a separate, 
fully independent validation set of 20 reticulin-stained 
WSIs, which were not used during training or test-
ing. On this validation cohort, the reticulin framework 
patterns identified by the model were compared with 
the area-based classification provided by two experi-
enced thoracic pathologists and one senior pathology 
resident, who independently labelled representative 
regions as epithelioid, sarcomatoid, or transitional on 
reticulin-stained WSIs.

Statistics

No traditional statistical analysis was performed. The 
evaluation metrics were automatically generated by 
the Aiforia Create platform (Aiforia Technologies, Hel-
sinki, Finland) during model training and validation. 
The reported parameters included Precision, Sensi-
tivity, F1 Score, Total Area Error, Error (False Positive/
False Negative), False Positive rate, and False Neg-
ative rate. These metrics reflect the model’s ability to 
correctly classify and segment histological features, 
quantify segmentation accuracy, and distinguish be-
tween true and false detections. All values are ex-
pressed as percentages (%). Given the semantic 
segmentation nature of the task, these area-based 
metrics are appropriate and widely adopted in com-
putational pathology to reflect segmentation accuracy 
and class-specific performance.

Results

Clinical features

82/115 patients were male (71.3%), while female pa-
tients were 33/115 (28.7%); the median age at diagno-
sis was 66 years old (ranging from 44 to 86 years). Of 
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the 115 samples examined, 45 were biopsies (39.1%), 
while the remaining 70 were surgical biopsies (60.9%).
The prevalent tumour site was the pleura, accounting 
for 100/115 samples (87.0%). There were 9/115 sam-
ples (7.8%) with lung involvement. 4/115 samples were 
metastatic localizations to the thoracic wall (3.4%). 
One sample came from a peritoneal involvement 
(0.9%), and another one from pneumonectomy with 
pleural decortication (0.9%). 

MesoRet recognition of mesothelioma reticulin 
framework patterns

MesoRet accurately recognised mesothelioma are-
as excluding white background and tissue artefacts. 
Blood vessels, adipose tissue, lymphoid aggregates 
and other similar features that were not part of the 
neoplasm were also excluded. Reticulin stained WSI 
showed the three expected reticulin framework pat-
terns for epithelioid and sarcomatoid histotypes and 

the transitional subtype (Fig. 1). The DLM precisely 
identified selected neoplastic areas of tissue, allow-
ing the analysis of each WSI in only a few minutes 
(Fig. 2). As expected, mesotheliomas diagnosed as bi-
phasic typically included all three reticulin framework 
patterns, while transitional and sarcomatoid reticulin 
framework patterns were frequently observed togeth-
er in mesotheliomas diagnosed as sarcomatoid. Ep-

Figure 1. Reticulin framework patterns in the different mesothelioma histotypes. A, epithelioid reticulin framework. B, sar-
comatoid reticulin framework. C, transitional reticulin framework. 

Table I. Performance metrics of the DLM.

Metric Epithelioid Sarcomatoid Transitional

Precision, % 97.04 95.66 95.40

Sensitivity, % 98.61 99.70 99.33
F1 score, % 97.82 97.64 97.33

Total area error, 
%

0.70 0.41 0.32

Error (false 
positive/false 
negative), %

4.40 4.82 4.78

False positive, 
%

3.01 4.53 4.78

False negative, 
%

1.39 0.30 0.67

Figure 2. MesoRet DLM application on a biphasic meso-
thelioma case. The heatmap overlay shows model-predicted 
reticulin framework areas on the WSI. Red: sarcomatoid re-
ticulin framework pattern; blue: epithelioid reticulin frame-
work pattern; green: transitional reticulin framework pattern. 
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ithelioid mesotheliomas mostly revealed epithelioid 
reticulin framework only or rarely minimal transitional 
reticulin framework areas. The verification tool in the 
Aiforia Create enabled the detection of false-positive 
and false-negative areas of epithelioid, sarcomatoid 
and transitional reticulin framework patterns and their 
sum (i.e., total error per training area). The results indi-
cated that the DLM learned the ground truth with high 
precision (91.49%) and sensitivity (99.54%) (Tab. I).

Performance comparison between MesoRet and 
Independent Evaluation by Pathologists

As a part of the validation data, 20 reticulin-stained 
WSI mesotheliomas were further used to compare the 
performance of the DLM MesoRet with the classifi-
cation provided by three pathologists. We obtained a 
total area error of 2.12%, with a precision of 99.09% 
and a sensitivity of 96.89% from pathologist A; a total 
area error of 3.90%, with a precision of 97.73% and a 
sensitivity of 94.92% from pathologist B; finally, a total 
area error of 3.69%, with a precision of 97.27% and a 
sensitivity of 95.7% from pathologist C. These results 
were summarised in Table II. 
Subsequently, we investigated the differences be-
tween the model and the pathologists’ areas classi-
fication (epithelioid, sarcomatoid or transitional retic-
ulin framework) in terms of error, false positive and 
negative (Tab. III). Overall, error rates were low across 
all reticulin framework categories. Recognition of tran-
sitional areas showed consistently low error rates 
(1.28%) across all three pathologists, with errors ex-
clusively attributable to false negatives and no false 
positives. Sarcomatoid areas were associated with 
the lowest error rates overall (approximately 0.15%), 
with minimal false positive and false negative contri-
butions. Slightly higher and more variable error rates 

were observed for epithelioid areas, ranging from 
4.49% to 8.24% across pathologists.

Discussion

Mesothelioma subtyping represents a significant 
challenge due to the aggressive and heterogeneous 
nature of this tumour and the morphological overlaps 
among its epithelioid, sarcomatoid, and transitional 
subtypes 17. Accurate subtyping is critical, as it directly 
influences patient prognosis and the treatment deci-
sions. Sarcomatoid and biphasic subtypes are gen-
erally associated with poorer outcomes (5.3 and 9.5 
months, respectively) compared to epithelioid meso-
thelioma (14.4 months) 3. Transitional mesothelioma, 
first systematically characterized by Galateau et al. in 
a multi-institutional setting assisted by deep learning, 
has been included within the sarcomatoid spectrum in 
the 2021 WHO Classification 6,11. Identifying the tran-
sitional pattern represents a clinical challenge since 
it is characterised by an intermediate morphology 
between epithelioid and sarcomatoid, being currently 
classified within the sarcomatoid histotype due to its 
poor prognosis 2,9,11. However, an accurate differenti-
ation between the transitional pattern and epithelioid 
one is difficult, resulting in an interobserver variability 
among pathologists with experience, making the di-
agnosis largely dependent on H&E-stained slides 18. 
In this context, reticulin staining has proved to be a val-
uable ancillary diagnostic technique, as demonstrated 
by a specific reticulin framework in transitional meso-
theliomas. This pattern is morphologically distinct from 
that of the sarcomatoid subtype, which exhibits a thick 
and abundant reticulin network encasing individual 
tumour cells, and from the epithelioid subtype, where 

Table II. Performance of MesoRet compared to three pathologists.
Precision (%) Sensitivity (%) F1 score (%) Total Area Error (%)

Pathologist A 99.09 96.89 97.98 2.12

Pathologist B 97.73 94.92 96.30 3.90

Pathologist C 97.27 95.70 96.48 3.69

Table III. Intra- and interobservers errors. 
Error (FP/FN) %

Pathologist A Pathologist B Pathologist C 

Transitional 1.28 (0.00/1.28) 1.28 (0.00/1.28) 1.28 (0.00/1.28)

Epithelioid 4.49 (1.00/3.48) 8.24 (2.51/5.74) 7.91 (3.06/4.85)

Sarcomatoid 0.15 (0.13/0.02) 0.16 (0.14/0.02) 0.15 (0.13/0.02)
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the reticulin framework is typically sparse or absent, 
surrounding larger cell clusters 6,11.
DLM MesoRet addresses this important unmet clin-
ical need by accurately recognising distinct reticulin 
framework patterns on reticulin-stained WSIs, thereby 
supporting the histological subtyping of diffuse mes-
othelioma and streamlining the diagnostic workflow. 
Several DLM have recently been developed to assist 
in mesothelioma disease, such as MesoNet 7, Spin-
dleMesoNET 15, and MesoGraph 16. 
Courtiol et al. developed MesoNet, an unsupervised 
approach based on deep convolutional neural net-
works to predict the overall survival of mesothelioma 
patients from H&E WSI 7. The algorithm was trained 
by deep learning networks with only global data la-
bels. Each WSI from mesothelioma patients was di-
vided into small squares called tiles. Through an in-
teractive learning process, a survival score was as-
signed to each tile in the network architecture. Thus, 
the network selected the tiles of most relevant WSI for 
predicting patient overall survival. Subsequently, Me-
soNet was validated on both the French MESOBANK 
cohort and an independent cohort from The Cancer 
Genome Atlas (TCGA).
SpindleMesoNET is a supervised approach based 
on deep learning to distinguish from benign spindle 
cell mesothelial proliferations based on biopsy 15. The 
model used the H&E staining slides, and underwent a 
cross-validation performed respectively on the train-
ing set, on an independent set of challenging cases 
submitted to expert opinion namely “referral” cases, 
and on a set of cases stained by external institutions. 
The study showed that the accuracy of SpindleMe-
soNET on the referral set cases was comparable to 
the accuracy of three experienced pathologists on the 
same set of slides.
Finally, Eastwood et al. developed a graph neural net-
work (GNN) approach to predict subtypes of meso-
thelioma in a multiple instance learning (MIL) setting 
from H&E images 16. A weakly supervised machine 
learning approach was employed to characterise 
mesothelioma subtypes using only case-level labels 
during training. This model provided a quantitative 
representation of each sample’s position along the ep-
ithelioid-to-sarcomatoid spectrum, offering to patholo-
gists an additional tool for further refined morphologi-
cal assessment of tumour samples.
Even though recent models such as MesoNet, Spin-
dleMesoNET, and Mesograph have shown good per-
formance using exclusively H&E-stained slides, they 
lack access to additional morphologic dimensions 
related to tumour-stroma architecture. By contrast, 
MesoRet uniquely leverages the diagnostic poten-
tial of reticulin staining, which explicitly highlights the 

organisation of the extracellular matrix and collagen 
framework, enabling more precise and reproduci-
ble subtype recognition, particularly in diagnostical-
ly challenging cases. While the human eye may be 
subject to interpretive variability, MesoRet identifies 
reticulin framework alterations through high-resolu-
tion, consistent, and structured pattern recognition, 
allowing the detection of subtle architectural transi-
tions between epithelioid and sarcomatoid features 
that are especially relevant for defining the transitional 
subtype. By consistently recognising non-epithelioid 
reticulin patterns, the algorithm provides morphologic 
evidence and a diagnostic cue that support the identi-
fication of more aggressive subtypes, even in border-
line or limited samples.
Our results show that MesoRet is able to accurately 
recognise mesothelioma areas, excluding artefacts 
and non-neoplastic features, and identifying epithe-
lioid, sarcomatoid, and transitional reticulin framework 
patterns, with high precision and sensitivity, low per-
centage of error and low false positive and negative. 
Although there is also good precision and sensitivity 
from the three pathologists with different experience 
compared to the performance of the DLM MesoRet, 
we observed that error rates were consistently low for 
sarcomatoid and transitional patterns, while a slight-
ly higher variability was observed for epithelioid are-
as. The higher variability observed in epithelioid ar-
eas is not unexpected, as epithelioid mesothelioma 
is primarily characterised by the relative absence of 
reticulin deposition rather than by specific reticulin ar-
chitectural features. Accordingly, variability in epithe-
lioid classification has limited impact on the diagnostic 
value of reticulin-based assessment, which is mainly 
intended to support the identification of transitional 
and sarcomatoid patterns. Previous multi-institution-
al studies have reported only moderate interobserv-
er agreement in the assessment of transitional and 
sarcomatoid components on H&E-stained slides, with 
values as low as 0.40 1,3,19, underscoring the well-
known diagnostic challenges associated with these 
patterns. In this context, the use of reticulin framework 
assessment provides a more reproducible morpholog-
ic reference, which may help reduce subjectivity and 
support more consistent identification of transitional 
features, even among pathologists with different levels 
of experience. Therefore, MesoRet represents a val-
uable adjunct to routine histopathological evaluation 
by enabling a more consistent assessment of reticulin 
framework patterns, particularly in complex biphasic 
mesotheliomas where transitional features are difficult 
to recognise.
Notably, the choice to train the model on a large se-
ries of biphasic mesotheliomas further enhanced its 
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robustness. These tumours, by definition, harbour 
both epithelioid and sarcomatoid components, offer-
ing a comprehensive morphological spectrum. This 
heterogeneity provided a solid training ground for the 
algorithm to learn not only the extremes of the reticu-
lin framework, but also the subtle transitional pattern, 
which may be underrepresented or misclassified in all 
known histological types.
The correct identification of the different subtypes of 
diffuse mesothelioma consequently has significant 
clinical impact. Ultimately, more precise and repro-
ducible diagnoses can guide treatment and improve 
clinical decision-making for patients with mesothelio-
ma 1,3,19. Recent molecular data on pleural mesothelio-
ma indicate that unsupervised clustering is somewhat 
independent of histologic subtyping, and rather indic-
ative of immune cell microenvironment adaptation, 
which could be useful in the clinical decision making 20. 
This may be explained by the fact that each mesothe-
lioma subtype may be deconvoluted into a combina-
tion of epithelioid-like and sarcomatoid-like compo-
nents, whose proportions are strongly associated with 
prognosis 21. Accordingly, one of the strengths of our 
work is that we are able to reliably highlight transition-
al areas, even the minor ones, more efficiently than 
expert pathologists, leveraging an inexpensive and 
all-pathology-lab available stain, such as the reticulin. 
This enables to potentially overcome the well-known 
difficulties of objectively identifying minor tumour com-
ponents while featuring unexpected and elusive his-
tology, such as the transitional areas.
MesoRet generates spatially explicit reticulin frame-
work maps directly overlaid on WSIs, rather than pro-
viding a single case-level classification output. These 
outputs are inherently interpretable, as they corre-
spond to established histopathological patterns rou-
tinely assessed by pathologists and allow direct visual 
inspection of the regions underlying subtype assign-
ment.
Despite its promising performance, MesoRet has lim-
itations inherent to a proof-of-concept computational 
pathology approach. The model was developed and 
evaluated on a cohort derived from two institutions 
within the same geographic context, which may lim-
it generalisability across laboratories using different 
staining protocols and scanning platforms. Future 
work should extend validation to larger, multi-institu-
tional cohorts to further assess robustness and sup-
port translation into routine practice.
Prospective validation, formal assessment of clinical 
impact, and evaluation of integration into routine diag-
nostic workflows will be required before clinical imple-
mentation. MesoRet represents the first DLM able to 
subtype diffuse mesothelioma, with the potential to re-

fine diagnosis and consequently patient stratification.

Conclusions 

MesoRet DLM identifies distinct reticulin patterns in 
mesothelioma, supporting histological subtyping, par-
ticularly in complex biphasic cases, including small 
biopsy specimens. While the model has shown good 
performance, further validation on larger and inde-
pendent cohorts from multiple institutions will be es-
sential. These encouraging results provide a founda-
tion for future studies and suggest a potential role for 
reticulin-based AI tools in routine diagnostic pathology.
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